Background {#Sec1}
==========

Contraceptive-assisted birth spacing and limiting, also known as family planning, is a key component of primary and reproductive health care, with multiple health and development benefits to women, children, and society \[[@CR1]\]. Contraceptive practice is associated with lower maternal mortality \[[@CR2]\], greater women's empowerment \[[@CR3], [@CR4]\], better female schooling \[[@CR5]\], improved child health \[[@CR6]\] and increased household income \[[@CR7]\]. Universal access to sexual and reproductive health-care services, including family planning, information and education, and the integration of reproductive health into national strategies and programs by 2030 is a defined target (Target 3.7) in the Sustainable Development Goals (SDGs) \[[@CR8]\]. Through the Family Planning 2020 (FP2020) initiative more than 30 governments from low-income countries have pledged to expand contraceptive service access and help satisfy women's needs for modern contraception (see [familyplanning2020.org](http://familyplanning2020.org)). To track the progress toward the 2030 SDG target and FP2020 goal of adding 120 million modern contraceptive users in the world's 69 poorest countries by 2020, quality data on key family planning indicators are needed at both national and subnational levels.

There have been major gains over the past five decades to measure demographic and health indicators in low-income countries with standardized data collection procedures, relying heavily on population-level surveys and enabling public data access. Recent national estimates of modern contraceptive prevalence rates (mCPR) among all or married women of childbearing age are available for many low-income countries with a high level of precision (e.g. a margin of error of 2 percentage points) \[[@CR9], [@CR10]\]. However, these national survey-based estimates are not available at frequent intervals and largely depend on the availability of international funding. For local monitoring and evaluation, this periodicity and national focus is impractical as most large-scale interventions are planned and implemented over short program cycles by health departments in administrative units below the national level. Cross-national estimates of mCPR serve global interests but not those of local policy makers. Regional, county and district officials require estimates of indicators to monitor and evaluate progress at their levels of operations and responsibilities. Health management information systems are gradually being strengthened but their coverage and accuracy suffer from incomplete reporting, especially of private sector contributions, weak data integration and insufficient resources for optimal functioning. The lack of quality data and regular and frequent estimates of key indicators at the subnational level have hindered health and development authorities' efforts to strengthen local systems' delivery of contraception and other reproductive health care services. Contraceptives and other procured health commodities experience stock outs which are important to monitor and meet client demand for health care in a timely manner. Ensuring that data and indicator estimates are available to subnational government units to inform their implementation is necessary for effective delivery of family planning to local communities.

One primary reason for the lack of subnational indicators is the high cost of increasing the household sample sizes of national surveys to generate estimates at lower levels with acceptable precision. Resource constraints in low-income countries are unlikely to be resolved in the near future, while the information requirements in these places will grow in scale and urgency. There are alternative approaches to filling the information gaps in the short term, one of which is to generate subnational estimates using appropriate statistical models.

Small area estimation techniques have been widely used to improve estimates for sub-areal domains, such as states, provinces or other local communities \[[@CR11]--[@CR13]\]. A sample area or domain is considered to be small if the area-specific sample is not large enough to support direct estimates (usually based on a maximum likelihood estimator) with adequate precision \[[@CR14]\]. Of special note is that small refers to the size of the sample, not of the population. Whether a sample is considered to be large or small is associated with the uncertainty of the estimate and related to sample size but not identical to it. For a survey designed to generate national estimates, a region or province can be a small area if the underlying sample estimate is uncertain, even though the area's geography or population size may be large.

Small area estimates can be useful for monitoring the progress of multiple SDG goals at the subnational level. Equity in SDG achievement and inclusion of all persons are reflected in the definitions of many targets, such as target 3.7 mentioned above. However, even while tracking national-level progress, individuals belonging to certain subgroups, defined by socioeconomic status, religion, culture or geographic location, may be inadequately represented in standard measurements. Small area estimation can generate reliable estimates for these subgroups to allow improved monitoring of trends and evaluation and accountability of support programs.

Multiple types of statistical models have been employed to generate small area estimates, such as linear mixed models \[[@CR15]\] and multi-level random-intercept models \[[@CR16]\]. Other studies have shown that using the Bayesian approach to account for variation and association within- and across-areas has comparative advantages in stabilizing small area estimates \[[@CR17], [@CR18]\]. The Bayesian approach has been applied to estimate family planning indicators. For example, a recent article adapted a Bayesian Hierarchical model originally developed for national and global estimates using a series of household surveys to generate subnational estimates of several key family planning indicators for 29 states and union territories in India \[[@CR19]\].

The present study makes two contributions to the field. First, our model includes a comprehensive set of explanatory covariates that have been shown in the literature to be associated with modern contraceptive use. We consider failure to leverage such covariates a limitation of the previous Bayesian models for family planning outcomes \[[@CR20], [@CR21]\]. Second, we model contraception using woman-level outcome and explanatory indicators while previous work relied on Bayesian modelling at the aggregate level (state, national, regional, and global). By utilizing rich information available for individual women and by avoiding the loss of information due to aggregation, our model is expected to achieve better predictive performance and consequently generate more stable and accurate estimates for small areas. Studies using both real data and simulated data have found that woman-level models were consistently more accurate than aggregate-level models \[[@CR22], [@CR23]\].

The objective of the present study is to build a Bayesian hierarchical model to estimate the levels and trends of mCPR for first-level administrative divisions in five sub-Saharan African countries with national survey data collected by the Performance Monitoring and Accountability 2020 (PMA2020) project \[[@CR17]\]. In the following sections, we first introduce the data source and methods, and then present the main results. In the discussion section we comment on the intrinsic benefits of statistical modeling for small area estimation, particularly using PMA2020 data.

Methods {#Sec2}
=======

Data {#Sec3}
----

The data analyzed in this study are drawn from national PMA2020 surveys with multiple rounds \[[@CR17], [@CR24]\]. Funded by the Bill and Melinda Gates Foundation, PMA2020 was originally designed to facilitate annual progress reporting in support of the goals and principles of FP2020 across priority countries in Africa and Asia. It uses mobile devices (smartphones) to routinely gather nationally representative data on key family planning indicators. Data are collected at the woman, household, and facility levels by a network of resident enumerators stationed throughout the country. By using GPS-enabled mobile devices, the enumerators are able to collect accurate geographic information for each household. The survey platform can be integrated into national monitoring and evaluation systems at low cost with rapid turnaround and can be utilized for other areas of data collection and measurement, as well as linked to administrative records.

PMA2020 surveys are nationally representative in all five countries. This study capitalizes on the four survey rounds (R1 to R4) of PMA2020 conducted in Ethiopia, Ghana, Kenya, and Uganda between September 2013 and May 2016 at semi-annual intervals. Burkina Faso increased its sample sizes for Rounds 3 and 4, which are those used in this analysis. Additional details on the PMA2020 surveys, including participation rates, are reported in Zimmerman et al. \[[@CR25]\] See Additional file [1](#MOESM1){ref-type="media"} (p 15) for additional details about PMA2020 survey design.

Statistical analysis {#Sec4}
--------------------

Our analytical data have a hierarchical structure with individual women as level 1, round as level 2, and EA as level 3. Accordingly, we proposed a hierarchical model to reflect the structure of the data (Fig. [1](#Fig1){ref-type="fig"}).Fig. 1Statistical structure of the Bayesian hierarchical model

Bayesian computations are more complicated than standard logistic regression in the frequentist approach, but the corresponding degree of complexity is necessary for this study to respect the hierarchical structure of the data and stabilize the estimates, thereby reducing regression-to-the-mean effects and accounting for temporal variation in area-specific estimates. Bayesian methods support stabilization of small area estimates by shrinkage toward a regression surface, with shrinkage ranging from minimal for areas with many cases to substantial for areas with very few cases. Therefore, it accommodates a range of plausible alternatives between the extremes of using a regression equation for estimation versus using direct estimates. Moreover, the approach carries forward all uncertainties, those in estimating the regression surface, the between-area variance, and the sampling variance of the direct estimates. The full posterior distribution that reflects all uncertainty is particularly powerful in addressing questions that are hard in the traditional logistic regression. For example, if there are targets for the indicator of interest, the Bayesian model can be used to predict the probability of achieving that target, given the observed data and their associated uncertainty. This is usually less straightforward in the frequentist approach.

Our model improves upon a published Bayesian model \[[@CR19]\] by including a series of proximate and distal determinants of family planning. The information collected in a standard fashion through the PMA2020 platform makes this possible. Since most covariates in the model vary over women within an area, woman-level data are used in this study. After the model estimation, we aggregate the woman-level estimates to the desired higher level, such as region. The model is specified below:$$\documentclass[12pt]{minimal}
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Where *k* = 1, ... , *K* indexes areas; *i* = 1, ... , *n*~*kt*~ indexes women in area *k*; *n*~*kt*~ is the number of women in area *k* in round *t*; *t* = 1, . . , *T* indexes rounds; *Y*~*ikt*~ = 0/1 is an indicator of woman *i* in area *k* at round *t* not using (0) or using \[[@CR1]\] a modern contraceptive method; \[*Y*~*ikt*~\| *P*~*ikt*~\]\~*Bernoulli*(*P*~*ikt*~); *P*~*ikt*~ is the true underlying probability of using modern contraceptive method for woman *i* in area *k* in round *t* conditional on \[*X*~*ikt*~, *β*, *u*~*kt*~\]; *X*~*ikt*~ is the vector of covariates for woman *i* in area *k* in round *t* including round-specific intercepts; *β* is the vector of regression coefficients; *U*~*kt*~ is the random effect for area *k* in round *t*. Figure [1](#Fig1){ref-type="fig"} illustrates the statistical structure of the BHM. The direct (maximum likelihood estimate, MLE) estimate is the number of users divided by EA sample size of women of reproductive age.

We consider the autoregressive process of order one (AR1) structure for the random effects *u*~*kt*~ to capture the temporal correlation across rounds \[[@CR26]\]. This characterization captures the serial correlation in the influences of the area-level unobserved factors.

Based on theory, a review of previous empirical studies, and model assessment, we arrived at a list of 12 covariates: residence, schooling, wealth quintile, child survival, age, cohabitation, recent sex, health worker visit, family planning message, fertility intention, parity, and distance to the nearest facility. See the Additional file [1](#MOESM1){ref-type="media"} for their definitions (p 16). The Additional file [1](#MOESM1){ref-type="media"} (pp 1--14) includes details of the model specification, covariate selection, diagnosis, and post-estimation prediction.

Results {#Sec5}
=======

Table [1](#Tab1){ref-type="table"} profiles the PMA2020 surveys in the five countries. Ghana's four survey rounds covered all 10 regions in the country, interviewing a total of 16,157 women of reproductive ages (WRAs) from 94 EAs. Ethiopia's survey areas covered 11 regions in the country with a total of 24,237 WRAs interviewed across a subsample of 183 EAs consistently present in the four rounds. The PMA2020 sample in Kenya covered 17,242 WRAs across 120 EAs in the four rounds. Uganda's four survey rounds interviewed 14,567 WRAs from 109 EAs. Uganda's subnational governance structure is at the district level but this study has adopted the classification of ten regions used by the Uganda Demographic and Health Survey for level-1 estimation \[[@CR27]\]. The PMA2020 sample in Burkina Faso was substantially expanded in round 3, and therefore this study only uses data from round 3 and 4. Those two rounds covered all of the country's 13 regions with a total of 6392 WRAs in 83 EAs. The compositional characteristics of the study sample are provided in Additional file [1](#MOESM1){ref-type="media"} (pp 4--13).Table 1Description of PMA2020 surveys in Ghana, Ethiopia, Kenya, Uganda and Burkina FasoSurveyMonth/Year of fieldwork\# of regions\# of enumeration areas\# of womenGhana Round 1Sep-Nov 201310943460 Round 2Mar-May 201410943645 Round 3Sep-Nov 201410944251 Round 4May-Jul 201510944801Ethiopia Round 1Jan-Mar 2014111835849 Round 2Oct-Dec 2014111836013 Round 3Apr-May 2015111836210 Round 4Mar-Apr 2016111836165Kenya Round 1May-Jul 201491203729 Round 2Nov-Dec 201491204304 Round 3Jun-Jul 201591204364 Round 4Nov-Dec 201591204845Uganda Round 1May-Jun 2014101093672 Round 2Jan-Feb 2015101093562 Round 3Aug-Sep 2015101093628 Round 4Mar-Apr 2016101093705Burkina Faso Round 3Mar-May 201613833225 Round 4Nov 2016-Jan201713833167Notes:(1) Only enumeration areas covered in all four rounds (or two for Burkina Faso) are included in the analytical sample(2) In this study region denotes the first-level administrative division under the national one. The exact name/definition varies across countries. It is called region in Ethiopia, Ghana, Uganda, and Burkina Faso and county in Kenya(2) Ethiopia, Ghana, Uganda and Burkina Faso PMA2020 surveys covered all regions in the country; Kenya PMA2020 surveys covered 9 counties, selected from 47 semi-autonomous counties using probability proportional to size (PPS) approach

The PMA2020 sample size is by design sufficient to produce accurate and reliable estimates of mCPR at the national level and separately for rural/urban areas, but not for level-1 units, except Kenya and large regions in Ethiopia. We built a Bayesian hierarchical model (BHM) to generate level-1 estimates whose reliability and accuracy can be evaluated with standardized residuals and shrinkage plots.

Table [2](#Tab2){ref-type="table"} presents the round-specific Bayesian estimates of mCPR by region for each of the five countries, along with the uncertainty intervals (UI, i.e. 95% credible interval from Bayesian posterior distribution). The direct estimates are available in the Additional file [1](#MOESM1){ref-type="media"} (pp 14--15). There is a clear pattern of narrowing UIs for the regional estimates. For example, in Ashanti region in Ghana, the Round 1 direct estimate of mCPR is 16.1% and the BHM estimate is 15.9%. The length of the UI is 5.0 percentage points (13.7--18.7) for the former and 4.1 percentage points (14.0--18.1) for the latter. In Ethiopia, the region of Benishangul Gumuz has a UI of 4.3--21.7 around a Round 1 direct estimate of 10.9% compared to 12.2--19.3 around the BHM estimate of 15.4%. By Round 4, the BHM estimate is 16.3% and the width of the UI narrows to 6.4 percentage points (13.2--19.6), as compared to 7.1 percentage points for Round 1. For the same period, the width of the UI for direct estimate only slightly decreased from 17.4 in round 1 to 15.5 percentage points in round 4. The notable difference in the width of UI indicates improved accuracy through accounting for those 12 covariates and temporally correlated random effects in the BHM.Table 2Bayesian estimates of the modern contraceptive prevalence rate and 95% uncertainty intervals in Ghana, Ethiopia, Kenya, Uganda and Burkina Faso by roundCountryRegionRound 1Round 2Round 3Round 4mCPRLowerUppermCPRLowerUppermCPRLowerUppermCPRLowerUpperGhanaAshanti15.914.018.116.514.618.818.115.820.623.020.525.9Brong Ahafo16.113.219.115.212.318.122.619.026.524.020.427.8Central16.513.619.919.716.423.221.718.225.624.821.228.9Eastern13.510.916.713.610.816.618.015.321.223.619.927.7Greater Accra15.212.717.515.813.618.119.317.021.723.220.725.9Northern8.06.49.86.35.07.810.88.413.913.611.216.7Upper East17.413.821.716.212.819.919.314.525.430.624.236.9Upper West24.619.530.720.116.024.625.520.931.032.626.739.9Volta9.47.212.28.26.410.414.511.817.216.714.319.7Western7.55.49.88.76.910.813.010.516.013.911.216.9ALL14.012.815.114.012.915.018.317.119.522.621.323.9EthiopiaAddis Ababa21.819.923.822.921.124.928.326.430.326.824.829.0Afar5.43.57.711.67.916.118.212.823.812.98.917.7Amhara33.831.735.734.732.936.733.531.635.232.931.134.6Benishangul Gumuz15.412.219.311.39.114.215.512.718.516.313.219.6Dire Dawa16.311.222.022.016.428.629.624.435.037.429.844.8Ethiopia Somali9.26.312.57.65.310.28.15.810.78.35.711.3Gambella26.221.131.121.817.527.421.817.426.426.420.833.6Harari26.820.333.918.013.522.823.418.129.824.618.831.4Oromiya18.916.920.920.018.321.723.321.724.922.420.724.2SNNPR22.320.624.024.222.426.127.425.829.227.725.829.8Tigray20.218.322.122.420.624.123.521.725.322.420.624.4ALL23.021.924.124.223.125.327.226.228.226.625.527.6KenyaBungoma42.339.445.239.236.741.544.141.646.744.441.646.9Kericho40.136.443.837.934.840.943.140.046.640.537.443.7Kiambu41.237.145.344.440.948.047.944.851.250.046.053.7Kilifi29.926.933.226.423.729.332.929.835.932.830.036.0Kitui41.037.544.139.737.142.450.247.352.850.747.853.8Nairobi43.839.647.942.138.745.251.447.555.049.245.453.0Nandi44.241.147.345.042.447.847.945.550.447.244.450.0Nyamira50.547.553.750.647.953.357.054.160.055.652.858.3Siaya41.738.145.240.137.143.246.943.849.649.346.152.4ALL41.439.842.940.238.941.546.745.348.146.144.747.4UgandaCentral126.722.830.931.627.736.032.028.136.330.726.735.0Central220.217.323.327.624.031.029.626.232.929.626.333.2East Central18.015.720.524.221.527.125.222.228.226.423.729.5Eastern19.316.422.124.421.427.323.820.926.726.623.429.8Kampala30.026.733.137.534.540.937.534.540.735.832.638.8Karamoja9.06.113.17.85.511.06.74.410.28.45.712.2North22.019.225.125.623.028.423.320.726.126.223.129.3South West22.620.225.226.824.229.525.523.028.130.227.033.0West Nile9.77.512.114.912.117.914.511.817.416.313.619.3Western25.121.728.230.326.633.928.024.531.629.425.933.3ALL20.919.622.226.124.827.525.824.527.227.326.028.8Burkina FasoBoucle du Mouhoun19.715.924.119.816.124.1Cascades24.920.529.320.516.225.2Centre31.828.835.134.431.137.8Centre Est14.510.918.418.214.422.6Centre Nord18.314.522.116.212.520.1Centre Ouest20.916.726.219.815.524.6Centre Sud24.517.632.124.316.732.8Est18.715.522.323.219.327.6Haut Bassins27.823.831.729.225.533.1Nord20.216.524.919.515.323.5Plateau Central23.417.230.216.011.421.3Sahel12.78.717.413.610.117.8Sud Ouest16.011.721.515.510.921.7ALL21.520.222.921.820.523.4Note: Lower and upper denote the boundaries of the 95% uncertainty interval from Bayesian posterior distribution

The wide uncertainty intervals of the direct estimates for lower-level regions with PMA2020 data make it difficult to detect statistically significant change in indicator trends. Traditional tests (e.g. t-test, chi-squared test) are unable to incorporate the serial correlation of the estimates from different rounds. As discussed above, the full posterior distribution captures all the information including uncertainties in the estimates and enables us to rigorously examine temporal change. We can obtain the full distribution of the difference in mCPR between two rounds. In this study, we are particularly interested in how the subnational mCPR has changed from round 1 to round 4 (in approximately two years).

Table [3](#Tab3){ref-type="table"} shows the subnational distributions of temporal change for in the five countries, while Fig. [2](#Fig2){ref-type="fig"} graphs the region- and round-specific trends in Bayesian mCPR estimates. Overall, similar to the substantial variation in mCPR observed at the regional level, subnational progress also varies visibly across the five countries.Table 3Bayesian estimates of temporal change in modern contraceptive prevalence: Rounds 1 to 4CountryRegionChange in mCPRUncertainty IntervalGhanaAshanti (AS)7.03.7--10.4Brong Ahafo (BA)7.93.0--13.0Central (CE)8.33.2--13.4Eastern (EA)9.95.8--15.0Greater Accra (GA)8.04.7--11.6Northern (NO)5.62.6--9.1Upper East (UE)12.85.9--20.7Upper West (UW)7.8−0.3 - 16.5Volta (VO)7.43.7--10.9Western (WE)6.43.1--9.8ALL8.66.8--10.4EthiopiaAddis Ababa (AA)5.02.2--7.8Afar (AF)7.43.6--12.2Amhara (AM)−0.9−3.6 - 1.8Benishangul Gumuz (BG)0.8−3.8 - 5.0Dire Dawa (DD)21.112.8--29.7Ethiopia Somali (ES)−0.9−4.7 - 2.9Gambella (GA)0.4−6.9 - 8.1Harari (HA)−2.3−10.4 - 6.3Oromiya (OR)3.61.0--6.1SNNPR (SN)5.43.0--8.0Tigray (TI)2.3−0.4 - 4.8ALL3.62.0--5.2KenyaBungoma (BU)2.2−2.0 - 6.0Kericho (KE)0.6−4.5 - 4.8Kiambu (KI)8.83.7--14.1Kilifi (KL)3.0−1.5 - 7.1Kitui (KT)9.85.7--14.4Nairobi (NA)5.30.2--10.5Nandi (NN)3.0−1.0 - 7.0Nyamira (NY)5.00.9--9.3Siaya (SI)7.53.1--12.2ALL4.72.7--6.8UgandaCentral1 (C1)4.0−1.7 - 9.6Central2 (C2)9.45.1--14.0East Central (EC)8.64.8--12.3Eastern (EA)7.33.1--11.5Kampala (KA)5.81.3--10.2Karamoja (KR)−0.6−5.2 - 3.9North (NO)4.2− 0.1 - 8.1South West (SW)7.53.8--11.7West Nile (WN)6.53.0--10.1Western (WE)4.5−0.2 - 9.2ALL6.44.5--8.3Burkina FasoBoucle du Mouhoun (BM)0.1−5.3 - 5.7Cascades (CA)−4.4−10.0 - 1.6Centre (CT)2.7−1.6 - 6.9Centre Est (CE)3.7−1.1 - 8.8Centre Nord (CN)−2.1−6.9 - 2.8Centre Ouest (CO)−1.1−7.4 - 4.9Centre Sud (CS)−0.2−10.3 - 9.8Est (ES)4.5−0.1 - 9.8Haut Bassins (HB)1.4−3.5 - 6.8Nord (NO)−0.7−6.6 - 4.5Plateau Central (PC)−7.5−14.8 - 0.0Sahel (SA)0.9−4.3 - 6.3Sud Ouest (SO)−0.7−7.2 - 5.5ALL0.4−1.6 - 2.3Note: the median of the temporal change does not necessarily equal the change in the medianFig. 2Bayesian estimates of trends in modern contraceptive prevalence rate (mCPR) by region and PMA2020 round. Note: See Table [3](#Tab3){ref-type="table"} for the full name of regions; ALL denotes the national estimate

In Ghana, the first survey round estimated that the Upper West region had the highest mCPR, whereas the Northern and Western regions had much lower rates (Fig. [2](#Fig2){ref-type="fig"}). The geographic variation remained while estimated contraceptive use rose in the country as a whole. In the last round, the use rate in upper regions (Upper West and Upper East) continued to be higher than the national average. The other visible trend is regional convergence or the reduction of subnational inequity in mCPR. The regions with low mCPR in Round 1 (R1), e.g., Volta and Eastern, have higher estimates by R4.

Change over the two-year period is less striking in Ethiopia than in Ghana, but with larger within-country variations in both level and trend. Amhara region consistently has the highest mCPR, except in round 4 when it was surpassed by Dire Dawa. mCPR in Ethiopia Somalia remains below 10% during the four rounds. Afar started round 1 with lowest regional mCPR at 5.4%; it increased to 18.2% by round 3 before dropping back to 12.9% in round 4. The mCPRs in Gambella, Harari, Oromiya, SNNPR, and Tigray have stayed in the interval of 20--30% throughout the two years.

Kenya's subnational mCPRs are about twice the magnitude of Ghana's and Ethiopia's. The median change ranges from 0.6% points in Kericho County to 10.0% points in Kitui. The 95% UIs do not cross 0 in 5 of the 9 counties---Kiambu, Kitui, Nairobi, Nyamira, and Siaya, with the median change ranging from 5.2% points (Nyamira) to of 10.1% points observed in Kitui. In terms of within-country disparity, Kilifi County shows the lowest mCPR estimates, with an apparent upward trend after Round 2.

In the Central 1 region of Uganda, the median of the posterior distribution of the temporal change is 4.1 percentage points and the 95% uncertainty interval is between a decrease of 1.6 percentage points to an increase of 10.1 percentage points. It should be noted that the median is close to the difference between the point estimates for Rounds 1 and 4, but the 95% UI of the measured change is not the same as the difference between the 95% UIs for the two rounds. This is because the posterior distribution of the difference fully captures all relevant uncertainty and serial correlations.

While only two rounds of estimates are available for Burkina Faso, six of the 10 regions show positive change in mCPRs. In the other four countries, the trends in regional estimates are largely upward. In Uganda the lower bounds of 95% UIs are above 0 in 9 of 10 regions. This suggests growth in contraceptive practice at both the national and regional levels. The pattern of change in Uganda is then relatively homogenous across the country. Except for Karamoja region where the estimated mCPR registers a decrease of 0.5% points, the magnitude of variation in the mCPRs for all other 9 countries are close in value. The smallest change is observed for the Central 1 region (4.1% points) and the largest in Central 2 region (9.6% points). The 95% UIs cross 0 in only two regions (Central 1and Karamoja). The magnitudes of the estimated change are plausible considering their population-level basis.

Figure [3](#Fig3){ref-type="fig"} presents the R4 Bayesian model estimates for each country from Table [2](#Tab2){ref-type="table"} in regional maps, highlighting their geographic variation. There is noticeable geographic variation in mCPR level within each of five countries.Fig. 3Geographic variation in Bayesian estimates of round 4 regional modern contraceptive prevalence rates for Ghana, Ethiopia, Kenya, Uganda and Burkina Faso

Figure [4](#Fig4){ref-type="fig"} illustrates the temporal and geographic pattern across regions for one country\--Uganda. Overall, the use rate is higher in the south than the north. Karamoja and West Nile consistently has the lowest mCPR in the country. Over the four rounds of PMA2020 surveys, an upward change in mCPR is estimated to have occurred mainly in the South. Regions like South West, Western, and Central 2 started with low levels of modern contraceptive use but show higher estimates from rounds 1 to 4. There is a clear pattern, as in Ghana, of regional convergence or less disparity in levels across regions, particularly in the South. As illustrated by the assimilating colors, round 4 estimates for several regions in the South have relatively similar mCPR levels.Fig. 4Temporal and geographic variation in Bayesian estimates over four rounds of PMA2020 survey in Uganda

Discussion {#Sec6}
==========

Generating subnational estimates for indicators of health and development can provide information relevant for local program officials, enabling them to pursue evidence-based priority setting and policy making. The ability to regularly monitor and evaluate programs and interventions is important for guiding performance and achieving the best possible system- and population-level health outcomes. However, in most low-income countries, there is a persisting gap between available data and evidence and information needs of local policy makers.

This study has addressed how that gap can be narrowed by maximizing the use of existing data and applying Bayesian statistical models for subnational estimates of relevant indicators, using modern contraceptive prevalence as an example. The ongoing PMA2020 surveys provide an opportunity to generate reliable subnational estimates, even though the surveys were designed primarily to provide national estimates. The detailed information collected from women and households is reasonably robust to explain and predict the use of modern contraceptive methods at subnational levels. Aligning these estimates with the administrative levels where they are needed is a key consideration in designing population and household sample surveys, particularly when conducted with the needed frequency to be useful programmatically and inevitably under resource constraints. Similarly, once the subnational estimation model is developed, having a standard for comparison is helpful. Demographic and Health Surveys (DHS) has been a frequently used source for national, in some special cases subnational, estimates of mCPR. However, because DHS data are collected only every five years, having other survey data, such as PMA2020, to generate subnational estimates of desired and consistently measured indicators more frequently will be beneficial for local program planning and monitoring community demand.

Our model results affirm the strong methodological gains of Bayesian hierarchical modeling for subnational estimation. As provided in the Additional file [1](#MOESM1){ref-type="media"} (pp 33--37), the shrinkage plots point to acceptable improvement of subnational Bayesian over direct estimates. The examination of the standardized residual and Z-values confirm that the BHM explains and predicts modern contraceptive use well, with no apparent major violation of model assumptions (Additional file [1](#MOESM1){ref-type="media"} pp. 27--31). The model-based estimates by subnational area for the five countries demonstrate considerable narrowing of the uncertainty interval, as compared to the direct estimates, and the temporal change in the median estimates are largely credible.

Despite our extensive and systematic effort to diagnose and improve the models, the study is not without limitations. First, the validity of our BHM relies on the selection of covariates, whose availability depends on PMA2020 questionnaire design. It is possible that our models are missing some important covariates. Second, a small proportion of women (\< 5%) were interviewed in more than one round. We did not account for repeated interviews because the influence is unlikely to be substantial \[[@CR28]\].

Conclusion {#Sec7}
==========

To our knowledge, this is one of the first Bayesian hierarchical models applied to provide subnational estimates of mCPR in sub-Saharan African countries. We improved the previous global and regional models through incorporating a set of 12 woman-level covariates. From the findings, we observe substantial geographic variation in mCPRs in both levels and trends for each of the five countries. The national mCPR has been increasing in all countries, with variation across regions. Beyond the substantive findings, this study also offers a methodological contribution. As noted in the Additional file [1](#MOESM1){ref-type="media"} (pp 27--37), the improved model diagnostic indicator, the Z-value, provides an improved option for assessing extreme values of model estimates. Given the initial semi-annual and now annual frequency of PMA2020 survey data collection and given the resource constraints of accommodating large sample size requirements for subnational estimates, applying the Bayesian estimation approach to obtain subnational indicator estimates offers important advantages and benefits for population health monitoring and program management.

Additional file
===============

 {#Sec8}

Additional file 1:Part I. Documentation of Methods for Small Area Estimation. Part II: Detailed results. (PDF 3375 kb)

BHM

:   Bayesian Hierarchical Approach

DHS

:   Demographic and Health Surveys

EA

:   Enumeration Area

FP2020

:   Family Planning 2020

mCPR

:   Modern Contraceptive Prevalence Rate

PMA2020

:   Performance Monitoring and Accountability 2020

SDG

:   Sustainable Development Goals

UI

:   Uncertainty Interval

WRA

:   Women of Reproductive Ages

The research teams in the five countries that collected the data used in the study.
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